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Abstract— Room-level understanding is essential
for mobile robots operating in indoor environments.
Existing room segmentation methods assume an of-
fline setting—requiring a complete scene reconstruc-
tion before producing the final result—which limits
their applicability to real-time robotic navigation.
We introduce the novel problem of online 3D room
segmentation, where a robot must continuously seg-
ment rooms and detect transitions from streaming
observations during exploration, and propose ROOM-
3D: a real-time unsupervised framework that com-
bines Gaussian-based SLAM with open-vocabulary
semantic reasoning to incrementally build a 3D room
segmentation without access to future observations
or global post-processing. We also introduce instan-
taneous evaluation metrics tailored to this online set-
ting. Experiments on HM3D-Semantics demonstrate
temporally consistent, accurate segmentation under
strict online constraints, with state-of-the-art results
in the offline evaluation too.

I. INTRODUCTION AND MOTIVATION
The objective of room segmentation is to infer a coher-

ent spatial model of an indoor environment, generating
a structured map of its constituent rooms. Most ex-
isting approaches operate offline—from geometry-based
pipelines [1], [2] to learning-based models such as Room-
Former [3] or HOV-SG [4]—and do not support incre-
mental understanding. LEXIS [5] augments a topological
SLAM graph with CLIP features but, unlike ROOM-3D,
does not produce an explicit geometric 3D segmentation
updated during navigation. Our goal is to segment rooms
incrementally as the robot navigates—the novel online
3D room segmentation problem—enabling real-time ap-
plications such as service robots, inspection drones, or
assistive systems in complex indoor spaces.

Contributions. (i) We formalize the novel on-
line 3D room segmentation problem. (ii) We propose
ROOM-3D, combining Gaussian SLAM with CLIP-
based open-vocabulary reasoning. (iii) We introduce in-
stantaneous evaluation metrics for online room segmen-
tation and transition detection. (iv) Experiments on
HM3D-Semantics show state-of-the-art performance in
both online and offline settings.

II. METHOD OVERVIEW
ROOM-3D constructs an online 3D room segmentation

map from a stream of RGB-D images using three tightly
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Fig. 1: ROOM-3D pipeline. From streaming RGB-D input,
the system builds an open-vocabulary 3D map via Gaussian
SLAM, SAM, and CLIP. Room segmentation fuses wall oc-
cupancy (Mw), transition (Mt), and context change (Mc)
maps to extract room boundaries and detect transitions in
real time.
integrated components (see Fig. 1).

Open-Vocabulary 3D Mapping. Building upon
OVO [6], the module integrates a Gaussian-SLAM [7]
backbone that incrementally reconstructs the scene
from posed RGB-D keyframes. SAM [8] produces class-
agnostic 2D segments, which are associated with existing
3D segments or used to initialize new ones. Each 3D
segment is represented by a CLIP embedding, enabling
open-vocabulary semantic queries via cosine similarity.

Room Segmentation Model. The segmentation in-
tegrates three complementary cue maps, each encoding
boundary evidence as M : R3 → [0, 1]:

• Wall occupancy map (Mw): identifies room-
bounding structures via CLIP similarity against
queries such as “wall” or “doorway”.

• Transition map (Mt): detects navigable passages
via zero-shot CLIP comparison against transition-
related queries, projected onto floor points for tem-
poral robustness.

• Context map (Mc): captures semantic shifts by clus-
tering egocentric CLIP embeddings with incremen-
tal MiniBatchKMeans, handling open-plan layouts
without geometric boundaries.

These maps are fused into Mfull = Mw + Mt + Mc. Low-
probability regions (below threshold th) indicate room
interiors; connected components within these regions
define individual rooms with unique labels. Segmentation
updates incrementally as the map evolves.

Live Room Transition Detection. A mapping
function L assigns to each keyframe pose its enclosing
room label; a transition is flagged whenever consecutive
labels differ, yielding a binary per-frame signal with no
additional detector.

Online Evaluation Metrics. We introduce instan-
taneous precision (iPrec) and instantaneous recall (iRec)
for room segmentation, and analogous metrics (iTr-
Prec/iTrRec) for transition detection, evaluated at reg-
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TABLE I: Overall results on 8 HM3D-Semantics trajectories.
Top: online evaluation (ours). Bottom: offline comparison
(Prec/Rec [%]).

Online Evaluation (ours)
m-iP m-iR m-iF1 m-iTrP m-iTrR m-iTrF1

ROOM-3D 81.78 90.71 85.44 66.02 55.33 56.76
Offline Comparison

Hydra [1] HOV-SG [4] ROOM-3D (ours)
Prec Rec Prec Rec Prec Rec

Overall 86.18 77.55 84.10 83.59 85.75 89.17
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Sequence-level m-iPrec and m-iRec are averaged over all
steps, and dataset-level m-iF1 captures both over- and
under-segmentation across the full trajectory.

III. EXPERIMENTAL RESULTS

We evaluate on 8 trajectories from HM3D-
Semantics [9], following the same scenes used by
prior offline works [1], [4]. The selected trajectories span
diverse architectural complexity, including open-plan
layouts where adjacent regions share continuous space
without geometric boundaries, and multi-floor buildings
with up to 36 rooms.

Overall Performance. Table I summarizes the over-
all results of ROOM-3D (th=0.8, rwall=0.3 m) averaged
across all 8 trajectories, and compares against Hydra [1]
and HOV-SG [4] using their standard offline metrics.
Under our proposed online protocol, ROOM-3D achieves
m-iF1 = 85.44% and m-iTrF1 = 56.76%, with peak per-
scene values of 92.02% and 82.17%. In the offline set-
ting, ROOM-3D obtains the best recall (89.17%) with
competitive precision (85.75%), outperforming baselines
that suffer from systematic under-segmentation.

Ablation and Runtime. Removing Mc drops m-
iTrF1 from 56.76% to 38.64%; removing Mt further re-
duces m-iF1 to 78.72%, confirming that all three cues are
complementary and essential. The end-to-end pipeline
operates at 1.5 FPS, with the SAM+CLIP mapping stage
(1.2 FPS) as the main bottleneck.

Qualitative Results. Fig. 2 shows color-coded 3D
reconstructions of two HM3D scenes; ROOM-3D cor-
rectly partitions complex layouts into distinct functional
volumes, including open-plan and non-structural bound-
aries.

(a) Scene 00824. (b) Scene 00829.
Fig. 2: Qualitative 3D room segmentation by ROOM-3D on
two HM3D-Semantics scenes. Each color represents a distinct
room identified incrementally during online exploration.

IV. CONCLUSIONS
We introduced online 3D room segmentation as a

novel problem and proposed ROOM-3D, a real-time un-
supervised framework combining Gaussian SLAM with
CLIP reasoning for incremental room segmentation and
transition detection. New instantaneous metrics enable
principled temporal assessment, and experiments on
HM3D-Semantics confirm state-of-the-art performance
even against offline baselines. Future work will target
scalability via sub-mapping and hierarchical scene graph
reasoning for language-grounded navigation.
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